This study evaluates the effectiveness of an artificial neural network-genetic algorithm (ANN-GA) artificial intelligence (AI) model in the prediction of behavior and optimization of an electro-oxidation pilot press-type reactor, which treats a synthetic wastewater prepared with a dye. The ANN was built from real experimental data using as input the following variables: time, flow, j, dye concentration, and as output discoloration. The performance of the ANN was measured with MAPE (8.3868%), calculated from real and predicted values. The coupled AI model was used to find the best operational conditions: discoloration efficiency (above 90%) at j ¼ 27 mA/cm 2 and dye concentration of 230 mg/L.
INTRODUCTION
Industries generate more pressure on water resources through the impacts produced by wastewater discharges and their polluting potential, than by the amount of water used in production. Most of the industrial wastewater is discharged untreated into open water courses, which reduces the quality of large volumes of water and sometimes pollutes underground water sources. To avoid this affectation, a treatment is required that depends on the type of waste. The waste disposed into rivers, lakes and seas has polluting properties that can be transmitted to the final receptor source. So, it is necessary to study its physical, chemical and biological characteristics. Among the most important pollutants of wastewater created by human activities are pathogenic microbes, nutrients, substances that deplete oxygen from water, heavy metals, significant amounts of solids and persistent organic matter (Villota ) .
The tannery industry is one of the oldest industries worldwide. The main objective of the skin tanning process is to turn the skin into a rot-proof product. Leather tanning is divided into four processes: bank, tanning, post-tanning and RTE known as re-tanning, dyeing and greasing. The characteristics and specific properties required by each type of skin determine the re-tanning agents to be used (Cruz-Rizo et al. ) .
The tannery industry is well known for the highly polluted wastewaters that it produces; these wastewaters have high concentrations of heavy metals, toxic chemicals and synthetic dyes. With the highly accelerated growth of population, tannery has become a profitable industry. Thus, wastewaters from this industry have become a high priority problem (Isarain-Chávez et al. ) . Within the skin tanning process, the RTE process is one of the most important producers of wastewater with high organic load and recalcitrant compounds, such as azo and triphenylmethane dyes, and, to a lesser extent, nitrates, acridine, quinonimine and anthracene. In addition to these typical pollutants contained in the wastewater, the typical concentrations of wastewater produced in the RTE stage during a tannery process has high organic concentration, but poor biodegradable matter, high concentrations of inorganic salts and suspended solids (Lofrano et al. ) .
In literature, various methods have been found for the treatment of this type of water, from the simplest to the most complex. Among the processes that have been used are biological and physicochemical processes, ion exchange, membrane filtration and electrochemical processes. Within the biological processes for the treatment of effluents from tanneries, the most commonly used are aerobic processes, such as sequential biological reactors, conventional aerobic processes of activated sludge and membrane bioreactors; these last ones have obtained the best results in the treatment of this type of effluents. In the case of anaerobic processes, anaerobic filters, up-flow anaerobic filters, up-flow anaerobic reactors and downflow anaerobic filters have been used (Lofrano et al. ; Jegatheesan et al. ) .
Recently, the use of advanced oxidation processes (AOPs) for the treatment of tannery wastewater has gained much interest. The AOPs are based on the production of non-selective and strongly oxidizing radicals that are responsible for mineralizing the contaminants present in wastewater. Among the most used processes, we can find the conventional Fenton process and its variants (photo-Fenton, electro-Fenton, photo-electro-Fenton), and electro-oxidation, also known as anodic oxidation (Peralta-Hernández et al. ).
Electro-oxidation (EO) is the best known electrochemical AOPs; it can be carried out directly or indirectly. In the direct EO, the pollutants are directly oxidized by a charge transfer. In the indirect oxidation (Reaction 1), the pollutants are oxidized by the formation of oxidizing agents that are formed by the oxidation of water at the anode (M) giving rise to • OH that is physi-adsorbed (M • OH ads ).
Several studies have been carried out to verify the efficiency of EO in the treatment of recalcitrant compounds, such as synthetic dye (Clematis et al. ) . Among the processes that have been tested, there was the use of conventional arrangements with boron doped diamond electrodes (BDD) as an anode, and stainless steel as a cathode was included (Solano et al. ) ; the use of modified electrodes with cheaper materials is also common in electrooxidation.
ANN modeling for AOPs
Recently, some unconventional modeling techniques have been used, such as swarm machines, principal component analysis, vector support machines and artificial neural networks (ANNs). These models are constructed from experimental data of more complex systems, and they can be used to accurately model these systems. ANN has been used successfully in the prediction of the behavior of certain wastewater treatment systems (Singh et al. ; Prakasham et al. ) .
An ANN is an artificial intelligence (AI) model that is inspired by biological neural networks. It is a series of interconnected neurons that have input information. These neurons process this information and through a series of numerical methods produce a response based on the relationship of the input values. They require a training process analogous to the biological neural networks; this learning is acquired through a monitoring method, and the ANN updates internal numerical values in an iterative way seeking to find the non-linear relationships between the input information and the output response (variable monitored). A percentage (between 70 and 80%) of a series of data is used to train the network, while the rest of the data (20-30%) is used to test and validate it (Chen et al. ) .
ANN has been used in the modeling of AOPs to estimate and control the performance of these processes in the treatment of recalcitrant compounds, such as dyes ( There is poor information about the modeling of EO processes using AI models. Despite the large list of processes optimized or predicted by the ANN, and their different architectures, all these authors reported that the main variables of concern for the models were dye concentration (DC) and consumed energy to achieve higher degradation efficiencies at the lowest costs.
Modeling of treatment processes is a complicated task, because of the complex chemical processes and non-linear interaction that occurs, and whose modeling by linear methods is quite complicated (Singh et al. ) . The main advantages of ANNs are: they can be implemented without having a detailed knowledge of the process to be modeled, their calibration is simpler than in other conventional methods, and if a deviation of the predicted values occurs, a new training can be performed with the new experimental data (Prakasham et al. ) .
GA for modeling AOPs
Genetic algorithms (GA) are also AI models that have gained an increased attention in scientific field (Chen et al. ). GA is an optimization tool whose principle is based on natural selection of individuals, where the most adapted organisms will reproduce to create a descendent with better characteristics than their parents; the process is repeated until the best individual is founded. In GA, this individual represents the global optimum of a population of possible solutions (Picos-Benítez et al. ).
The uses of ANN-GA AI models for the optimization of AOPs have been poorly studied. Only the uses of these models for the treatment of kaolin, dye and an oily wastewater with electro-coagulation (EC) (Piuleac et al. ) , and for the treatment of the synthetic dye Alcian blue 8GX (Caliman et al. ) with photocatalytic degradation have been reported.
The present study is focused on analyses of the effectiveness of an AI model for predicting the behavior of a pilotscale press-type reactor in the treatment with EO of the synthetic dye Violet 54B. These models have never been used to improve the process, to predict the behavior or to optimize the operational conditions of a pilot press-type reactor that treats a commercial dye with electro-oxidation process. In this study, an ANN-GA model is used to improve operational conditions, since advanced oxidation process requires the introduction of energy and a minimum experimental time (ET) to achieve good removal efficiencies. The use of this model can reduce experimental costs by enhancing discoloration removal and reducing energy costs and ET.
MATERIALS AND METHODS
This work is divided into four main steps:
1. Experimental data collection, where a synthetic wastewater was treated with EO. 2. Training of an ANN model. In this step, an ANN was created by testing different architectures of the model, root mean square error (RMSE) and maximum mean absolute percentage error (MAPE) were used as indicators. 3. Optimization phase, where a genetic algorithm model was used to find optimal operational conditions, using the ANN as a fitness function. 4. Validation. In this last step, the operational conditions given by the ANN-GA model were tested experimentally to validate the performance of the AI model.
Chemicals
Synthetic wastewater that contains random initial concentrations from 2.13 to 238.75 mg/L (mean ¼ 80 mg/L ± 55 mg/L) of the commercial dye Violet 54-B (C 25 H 30 N 3 Cl; molecular weight: 407.96; CAS: 548-2-69) ( Figure 1) ; analytical grade anhydrous sodium sulfate (Na 2 SO 4 ) 0.5 M and sodium chloride were used as support electrolyte and as conductivity enhancer, respectively. Common water was used as the supported medium; the purpose of using common water was to reproduce real working conditions. The synthetic wastewater was adjusted to pH 3 with analytical grade concentrated sulfuric acid (H 2 SO 4 ).
Experimental procedure
A press-type reactor (Figures 2 and 3) was used in the collection of experimental data. The reactor has a volume of 0.192 L; the anode was a rectangular boron doped diamond (BDD) plate with a geometric area of 64 m 2 ; a stainless steel plate was used as a cathode. A stainless steel mesh was used in the center of the reactor to guarantee a uniform mixing regime. The reactor inlet was connected to a pump that provided the synthetic wastewater at a flow of 12 L per minute (Lpm). The flow was recirculated and regulated with valves. A 2.5 L deposit was used for the synthetic wastewater. A BK Precision power supply was used to provide constant amperage during the experiments.
Analytical methods
The experimental times used were in the range from 10 to 120 min. Samples were taken every certain time lapse, according to every experiment. DC removal was used as a reference for the effectiveness of the process, according to the Equation (3). A GBC Cintra 1010 spectrophotometer was used to measure discoloration at a wavelength of 542.827 nm for this commercial dye.
Removal efficiency
ANN model
An ANN model was created to predict the performance of an EO press-type reactor, which treats a synthetic wastewater containing the commercial dye Violet 54-B. To apply this model, it was necessary to do five main steps: data collection, ANN architecture design, ANN training, validation and application. The ANN code was programmed in MATLAB ® . Since no established methodology exists to develop this type of tools, the right input and output variables which influence on discoloration of the treated wastewater have to be properly chosen. These variables were selected by observing several advanced oxidation experiments that treat some synthetic dyes. It was observed that the current density (CD), ET, flow (Q) and DC (inputs) were strongly related with the discoloration efficiency (output). According to Picos-Benítez et al. (), no theory has been established to define ANN neurons and hidden layers for a defined neural network; instead of this, a constant monitoring must be performed in order to reach a minimum error goal settled. In this case, at a value of 0.005. So, it is necessary to use suitable programming techniques and to maximize the available capabilities and data storage of the newest computational tools. This task can be automatized and considerably reduce the time spent on the developing of the ANN. Sigmoid transfer functions were used in the hidden layers, due to their property to combine quasi-linear, curvilinear and nearly constant behavior (Picos-Benítez et al. ). According to Chen et al. () , these transfer functions take values that may vary from minus to plus infinitely and give an output value that goes from 0 to 1.
Because of the several non-linear interactions between input and output variables that occur during the EO, a Levenberg-Marquardt back-propagation (LM-BP) algorithm was used. A total of 52 experiments were performed to obtain real experimental data, from these, 70% were used to train the ANN, and the rest were used to test the ANN, by calculating the RMSE and the MAPE in Equations (2) and (3).
GA model
As it was mentioned before, GA is a robust AI technique, which is based on natural selection of individuals. In this case, the GA takes all the possible solutions (population of individuals) and codifies them to generate a chain of values that corresponds to the input vector of the ANN model: [ET, Q, CD and DC]; the fitness function (ANN model) evaluates the population of possible solutions. The GA uses three main rules in each step to create the next generation of individuals from the current population: selection rules (they select parents), crossover rules (they give the probability to each parent to procreate new individuals), and finally, mutation rules (new material is created with the randomly changed genetic material in one individual, ensuring the recovery of good genetic material). The ranges of the input variables were defined according to the experimental data (upper and lower bounds); similar to ANNs, no methodology has been established that allows the definition of the initial parameters of the GA (Chen et al. ). This task was carried out by selecting the initial parameters of the population, mutation rate, individual selection and crossover type, according to the nature of the collected data and by correcting cautiously the observed convergence of the set error (see Table 1 ). 
RESULTS AND DISCUSSION

Real collected data
As it was mentioned before, four inputs were used as input variables (ET, Q, CD and DC) and one output variable (DC removal efficiency). All variables were varied randomly to set real experimental conditions. Fifty-two experiments were performed, from these data, effects on discoloration were studied, according to the results showed in Figure 4 . In Figure 4 it can be observed that the lowest removal efficiency (28.4%) was obtained at low values of ET (10 min), Q (4 Lpm) and CD (1.56 mA/cm 2 ), and at a high value of DC (72.0 mg/L). According to Hamad et al. () , higher efficiencies can be found at the highest CD, lower DC and high energy consumption (which is strongly related with ET). Several authors have reported different performances in the treatment of synthetic dyes with a wide range of operational conditions (see Table 2 ). According to these results, there are no previous studies reporting the experimental conditions that must be tested in order to achieve the highest discoloration of a solution containing a high concentration of the synthetic dye Violet-54B, with low requirements. AI models can help with this task.
Prediction with ANN
The main objective of the ANN is to predict discoloration values from non-tested experimental conditions. A solid ANN architecture is needed in order to obtain reliable predicted values from the ANN. Since no methodology has been established for the determination of a correct ANN architecture, this step was achieved by trial and error (Rangasamy et al. ). The ANN was designed to identify correlations among modified variables and to respond with values.
Because of the non-linear interaction that occurs during electro-oxidation, it was necessary to apply an ANN that could correlate these interactions between input and output variables; in order to achieve this, many topologies were tested. After that, an acceptable ANN was obtained; the acceptable R value from the ANN was 0.91894. The best ANN architecture was a backpropagation with 4-9-5-1 neurons and sigmoid transfer functions ( Figure 5) .
To evaluate the correspondence of real and predicted values of discoloration efficiency, linear regression was calculated using Equations (4) and (5). The final ANN architecture (Figure 3) was selected according to the MAPE (8.3868%) and a RMSE (7.5537%) values.
Some authors have reported the use of design of experiments for predicting the behavior of combined AOPs (Zarei et al. ; Khataee et al. ) ; this one-factor-at-atime optimization method is suitable for studies where there is a need to understand the process and the interactions that happen between input and output variables. However, in this study, a deep knowledge of the process is not required; instead, this model provides information about the interaction of various factors and gives good information that can be used to predict the behavior of the model. 
Optimization of EO with GA
The use of AI for predicting AOPs is widely used; mainly, due to the use of ANN. These AI models are efficient when emulating the behavior of the process under certain circumstances. However, as mentioned before, ANN has some limitations; in this study, these limitations were fulfilled with the use of a genetic algorithm (GA). ANN-GA AI models have been used for the optimization of an electro-coagulation process that treats recalcitrant pollutants from wastewaters, like kaolin, synthetic dyes and oily wastewater (Curteanu et al. ) and also for the photocatalytic degradation of a synthetic dye (Caliman et al. ) . In this paper, the main objective of the AI model was to find the best operational conditions, where the EO can reach a maximum discoloration of wastewater that contains the synthetic dye Violet 54B at the lowest CD, water flow, and ET and at the highest DC.
GA can provide a group of possible solutions. These groups of solutions avoid the possibility to stock in a local minimum (Chen et al. ) . In this study, the GA-ANN model provided three groups of solutions (see Table 3 ). The groups were classified into ranges of operational conditions from minimum to maximum values. These values were submitted to confidence interval analysis to simplify the selection of the best combinations. The selected data are shown in Figure 6 ; here, it shows the distribution of the data given by the AI model.
GA is a computational model that helps with the difficult task of modeling complex non-linear processes; the use of these tools can help with the optimization of AOP. GA avoids the converging of the model in the best possible solution; instead, the GA provides a population of possible solutions, avoiding a premature convergence and, thus, local optimums. The assignment to select the best operational conditions, for testing experimentally and to validate the model, must be done by the operator (Chen et al. ; Huang et al. ) .
From Table 3 and Figure 6 , Group 1 of operational conditions was selected for experimental validation of the model. The criterion of selection was that it provides the possibility of treating high concentrations of the synthetic dyes at acceptable values of CD, Q and ET.
Experimental validations of the given operational conditions are shown in Table 4 and Figure 7 . As proven by the experimental conditions several times, discoloration efficiency remains steady, supporting the efficacy of the GA-ANN model.
As showed on Table 2 , many authors have reported several operational conditions for different dyes. According to this table, the applied CD goes from 3.9 mA/cm 2 to 130 A/cm 2 , dye concentrations are from 20 to 300 mg/L, and experimental times go from 60 to 360 min. These experimental conditions have never been tested in the decontamination of wastewater containing the synthetic dye Violet-54B. However, similar operational conditions have been already tested in the treatment of other synthetic dyes with discoloration efficiency values, like the obtained ones in this study.
Our study shows the efficacy of the GA-ANN models in the optimization of AOPs for the treatment of recalcitrant pollutants, like synthetic dyes. The combinations of GA and ANN have been poorly used in the treatment of wastewater that contains synthetic dyes; however, several studies report the use of ANN for predicting the performance of numerous AOPs. The GA-ANN model gives a population of solutions. The criteria for selecting one model for validating experimentally was the operational conditions that allow the use of maximum dye concentrations, since DC is a variable that is hard to control under real operational conditions. The model gives reliable information on the behavior of the process at these concentrations. 
CONCLUSIONS
An ANN-GA model was used to predict the best operational conditions of press-type reactor that treats, with electro-oxidation, a synthetic wastewater that contains the synthetic dye Violet 54-B. ET, flow, CD and DC were used as input variables to feed the AI model. The model gives a population of experimental conditions, from which one group of operational conditions was selected to validate the model experimentally. From the experimental validation, the effectiveness of the model was proven. Discoloration efficiency values were of 95% with the solution given by the AI at high dye concentrations. As shown in literature review, similar operational conditions have been already used in the treatment of other synthetic dyes, with the similar results, despite the fact that no previous studies about the decontamination of synthetic dye Violet 54-B was found. The use | Groups of possible solutions. Experimental times (a), group 1: 76.95 to 120 min (mean ¼ 110 min ±11.5 min), group 2: 80.7 to 119 min (mean ¼ 98.1 ± 10.7 min) and group 3: 61.6 to 120 min (mean ¼ 98.2 ± 22.2 min); flow (b), group 1: 11.95 to 11.99 Lpm (mean ¼ 11.98 ± 0.01 Lpm), group 2: 9 to 11.5 Lpm (mean ¼ 10.6 ± 0.6 Lpm) and group 3: 9.5 to 12.0 Lpm (mean ¼ 10.5 ± 1.4 Lpm); current density (c), group 1: 24.6 to 27.4 mA/cm 2 (mean ¼ 26.6 ± 0.6 mA/cm 2 ) group 2: 3.08 to 5.4 mA/cm 2 (mean ¼ 4.36 ± 0.6 mA/cm 2 ) and group 3: 3.4 to 31.3 mA/cm 2 (mean ¼ 11.3 ± 10.6 mA/cm 2 ); dye concentration (d): group 1 209.0 to 238 .8 mg/L (mean ¼ 232 mg/L ±9.31 mg/L):, group 2: 108.5 to 199.8 mg/L (mean ¼ 141.5 ± 20.9 mg/L) and group 3: 74.8 to 226.03 mg/L (mean ¼ 149.1 ± 49.7 mg/L).
of this kind of AI model can help to enhance wastewater treatment performance of AOP, reducing energy costs and maximizing discoloration efficiency at the same time. These models can be adapted to similar systems, if the experimental data already exist, saving time and resources.
